Soil respiration (Rs) is an important source of CO 2 to the atmosphere, yet understanding the processes controlling the combined autotrophic and heterotrophic components has proven challenging. Numerous statistical models have been developed to explain Rs as a function of physical and chemical conditions, but there has been little effort to systematically evaluate and compare the performance of these different models. Soils in a sugar maple (Acer saccharum Marsh.) forest were monitored for Rs and its physical and chemical drivers, and the monitored data were used to fi t the most common of these statistical models. Each model was fi t using a repeated trials approach and the performance of the model was evaluated with a range of goodness-of-fi t measures (RMSE, mean absolute error, r 2 , index of agreement, bias, and Akaike information criterion). An exponential model in which the exponent is a polynomial expression that is linear with respect to temperature (°C) and quadratic with respect to soil moisture (% by volume) explained 57% of the variance in Rs and performed well among the goodness-of-fi t measures. Inclusion of C quantity and substrate quality (as measured by the C/N ratio) in the soils, however, increased the explanation of variance in Rs to 71%. This study shows that combining soil temperature and moisture drivers with soil C quantity and substrate quality signifi cantly improves statistical models predicting soil respiration. Our fi ndings support the comparison of the performance of different statistical models using a repeated trials approach coupled with a range of goodness-of-fi t measures to identify controls on Rs within an ecosystem and to assess the generality of these controls on Rs across ecosystems.
within the forest fl oor (Canadian Soil Survey Committee, 1987) , which includes the litter layer (1-yr-old material comprised of the partially decomposed leaves from the previous year), the fi bric layer (2-3-yr-old material composed of fragmented leaves collected below the litter), and the humic layer (≥4-yr-old material composed of degraded leaves collected below the fi bric layer), as well as fi ne roots that grow within the litter, fi bric, and humic layers. Even older sources of C are found within the top layers of organicrich mineral soil. Bourbonnière and Creed (2006) found that these different sources have differing solubility and lability, with younger substrates being more soluble and labile than older substrates. The importance of within-site differences in C quantity and substrate quality for explaining heterogeneity in Rs needs to be examined.
Ecosystem modelers need to assess the suitability of different statistical models to predict Rs from forests. A previous study (Webster et al., 2008 ) explored spatial and temporal patterns of Rs and developed a statistical model to predict Rs for a catchment in a sugar maple forest. This study extended the previous research by taking the observed Rs measurements together with physical drivers (temperature and moisture), C quantity, and substrate quality to fi t different statistical models from the literature and evaluate their performance with a suite of goodness-of-fi t measures within the same catchment. This systematic analysis will aid in understanding the interacting controls on Rs within forested landscapes.
MATERIALS AND METHODS

Study Area
The Turkey Lakes Watershed (TLW) is a 10.5-km 2 watershed centered at 47°03′00″ N and 84°25′00″ W, about 60 km north of Sault Ste. Marie in the Algoma Highlands of central Ontario. The climate is continental and strongly infl uenced by its Table 1 . Approaches to modeling soil respiration using soil temperature and moisture, where a i are coeffi cients, T is soil temperature (°C for all except for T3 and T4, which are K), M is soil moisture (volume %), C i is the C content pool i (g m −2 ) where i is freshly fallen leaves (FFL) or the litter, fi bric, and humic layers (LFH), and C/N i is the C/N ratio of pool i (dimensionless). proximity to Lake Superior, with mean annual precipitation of 1210 mm and mean annual temperature of 5.0°C for the period 1981 to 2006. The topography (410-m relief) of the TLW is controlled by bedrock that forms topographic features that include uplands (frequently dry), critical transition zones (intermittently wet), and wetlands (frequently wet). Glacial till covers the bedrock and Haplorthod (Spodosol) soils have developed with dispersed pockets of Haplohemist organic soils (Histosols) in bedrock-controlled depressions and adjacent to streams and lakes. The TLW is covered by an old-growth (140+ yr), hardwood forest that is tolerant to shade and dominated (90%) by a relatively homogenous canopy of sugar maple. The sparse understories of upland stands are dominated (>95%) by saplings and seedlings of sugar maple, whereas the understories of wetland stands are composed of the saplings and seedlings of the overstory trees, various ferns, herbs, and a mix of feather and sphagnum mosses. Further details on the climate, bedrock, topography, soils, and vegetation are found in, e.g., Jeffries and Foster (2001) and Jeffries (2002) . This study focused on a catchment (C38) in the TLW. This 6.3-ha catchment contains uplands draining into critical transition zones and terminating in a forested swamp. The C38 catchment is one of a series of experimental catchments within the watershed in which hydrologic controls on greenhouse gas (CO 2 , CH 4 , and N 2 O) emissions from soils are being examined through a combination of fi eld monitoring, laboratory experiment, and distributed hydrobiogeochemical modeling.
Model
Sampling Strategy
Catchment C38 was discretized into six topographic features (crest, backslope, footslope, toeslope, the periphery of the wetland, and the center of the wetland) using digital terrain analysis algorithms in the Terrain Analysis System (TAS; Lindsay, 2005) as described in Webster et al. (2008) . These topographic features refl ect the range in topographic variability within the TLW and are briefl y described here. The crest is a fl at area on top of the ridge, characterized by vertical leaching and infi ltration processes. The backslope is the steep area near the middle of the hillslope where there is rapid transport of water and materials in lateral fl ow. The footslope is a moderately sloped area between the steep upland and gentle-sloped lowland where colluvium is deposited from the upslope. The toeslope is the fl at to gently sloped area at the base of the hillslope, receiving alluvium from upslope and water fl ows from the upland and the wetland. The outer wetland is the concave, saturated, and occasionally inundated area around the perimeter of the wetland. The inner wetland is the convex, frequently saturated (although occasionally drying in the surface layers) area in the central portion of the wetland. Three hillslope transects that contained each of the six topographic features were established with plots for monitoring Rs, soil temperature and moisture, and C pools (three replicates of six topographic features = 18 plots).
Soil Respiration
Soil respiration was determined at each plot during the snowfree period in 2005. Sampling was conducted approximately daily during spring melt and autumn storms, weekly early and late in the growing season, and biweekly during the middle of the growing season. Sampling consisted of three consecutive midday measurements to capture day-to-day changes in peak daily Rs for a total of 64 sampling events during the April to November period.
Sampling was performed using ground-based chamber measurements that have been used successfully in many environments (e.g., Davidson et al., 2002; Pumpanen et al., 2004; and Butnor et al., 2005) and have the fl exibility to measure Rs in complex terrain. Square aluminum collars, each enclosing a soil area of 0.21 m 2 , were inserted into the soil such that the collar edges were level. Small understory plants and seedlings that grew within the collars between sampling events were clipped to remove the effect of aboveground plant respiration. Clipping occurred at least 24 h before sampling to minimize pulses of decomposition resulting from clipping. These efforts were made to exclude autotrophic sources of respiration while not disturbing the soil. Mosses that occur exclusively at wetland sites during the growing season were allowed to grow, as removing them would have resulted in excessive disturbance of the soil surface. Moss respiration contributes a minor fraction (estimated to be about 15%) of the total amount of CO 2 released from the forest fl oor (Swanson and Flanagan, 2001) .
Midday CO 2 effl ux was determined by inverting a portable acrylic fl ux chamber over the collars in a water-fi lled channel to create an air-tight seal. The chambers were painted white on the outside to refl ect sun and minimize heat absorption, and black on the inside to minimize photosynthesis. Chambers were also equipped with a mixing fan installed horizontally at the top of the chamber to facilitate mixing without disturbing the air-soil boundary layer. Carbon dioxide concentrations within the chambers were measured with a Vaisala CARBOCAP CO 2 probe GMP343 (Vaisala, Helsinki, Finland) infrared gas analyzer logged with a Vaisala MI70 controller. The controller had internal compensation for humidity (50%), O 2 concentration (20.95%), pressure (101.3 kPa), and temperature (built-in temperature sensor). Carbon dioxide fl uxes were calculated using a linear regression of the slope of the increasing CO 2 concentration in the chambers with time. Carbon dioxide fl uxes were scaled according to the total volume, determined by summing the volume of the chamber (dimensions of 49.5 by 49.5 by 40 cm = 90.2 L) with the volume of each collar, adjusting for the topography of the surface within the collar, and correcting for chamber temperature (Vaisala HM70) and ambient pressure. 
Physical Drivers
At each of the plots on the transects, physical controls on the transformation of C pools to CO 2 effl ux were measured with environmental sensors located at a depth of 5 cm into the mineral horizon, for which measurements were taken every 5 min, averaged every 30 min, and recorded on dataloggers. Soil temperature was measured with thermocouples constructed using thermocouple wire (Type T, Omega FF-T-24-TWSH) embedded into a 10-cm by 0.635-cm i.d. copper tube with epoxy. Soil moisture was measured using a Campbell Scientifi c CS616 water content refl ectometer (WCR; Campbell Scientifi c Canada Corp., Edmonton, AB). Output from the WCR was converted to relative volumetric water content based on calibration equations provided by the manufacturer for upland soils, and Yoshikawa et al. (2004) provided equations for wetland soils. The thermocouples and WCRs were connected to a Campbell Scientifi c CR10X datalogger via an AM16/32 relay multiplexer, and the system was powered by a 30-W solar panel and a 7 A h battery.
Carbon Quantity and Substrate Quality
The C pools were partitioned into (i) freshly fallen leaves (FFL) representing a relatively young (<1-yr) C pool that is available for decomposition at the start of the next growing season; (ii) forest fl oor (LFH) including the litter and fi bric layers (fragmented leaves collected below the litter) and the humic layer (degraded leaves collected below the fi bric layer), as well as fi ne roots that grow within the LFH (Fahey and Hughes, 1994) , and (iii) mineral soil in the organic-rich surface layer of the A horizon or peat to a maximum depth of 5 cm.
Five replicates of the FFL were collected at each position from a 30-cm-square mesh placed on the surface of the forest fl oor before leaf fall and collected before the development of a snowpack. Six replicates of LFH were collected at each position by cutting 15.5-cm-square blocks into the forest fl oor once during the summer. For the crest, backslope, footslope, and toeslope topographic features, six replicates of the A horizon were collected for chemistry at each position with an open-sided sampler (40 cm by 4.4-cm i.d.) and three replicates of the A horizon were collected for bulk density with a split core sampler (32 cm by 4.8-cm i.d.). Stones >2 mm were removed and weighed to correct for coarse fragment content. In wetland plots, six replicates of peat were collected for chemistry and three replicates of peat were collected for bulk density with a Jeglum sampler (7.6 by 7.6 by 50 cm) (Jeglum et al., 1992) . Samples were air dried at 25°C for chemistry, oven dried at 60°C for bulk density determination of the forest fl oor and peat, and oven dried at 105°C for bulk density determination of the mineral soil until the mass of the sample did not change in consecutive weighings.
Samples were analyzed for total C and total N with a Carlo-Erba NA2000 analyzer (Carlo-Erba, Milan, Italy). Carbon and N pools (g m −2 ) in the FFL were calculated by multiplying C and N concentrations (kg kg −1 litter) by the litter mass (g litter m −2 ). Carbon and N pools in the LFH and soil were calculated by multiplying C and N concentrations (kg kg −1 soil or peat) by the bulk density (g soil or peat m −3 ) and then by the depth (m). Carbon and N pools in the soil were integrated throughout a 5-cm depth for peat and up to a maximum 5-cm depth for the A horizon to refl ect the microbially active zone of the horizon.
Developing Soil Respiration Models
Statistical models commonly used to predict Rs from physical and chemical controls are summarized in Table 1 . Data collected from the monitoring of Rs, temperature, and moisture were fi t to models using a repeated trials experiment in Matlab 7.3 (The Mathworks, 2006) . Soil respiration measurements that occurred within 24 h of rain events >10 mm were excluded from the analysis. In each of 100 trials, 50% of the 1158 available data points (i.e., from repeated sampling events during the 2005 snow-free season at the 18 plots) were randomly selected to train each of the models using linear and nonlinear curve-fi tting functions, while the remaining 50% of the data were used to test the models. For the linear models, linear regression was used to estimate each model's coeffi cients. For the remaining models, nonlinear curve fi tting using the least squares curve fi t function (lsqcurvefi t.m) was used to estimate each model's coeffi cients. The curve fi t algorithm was used to minimize the squared error between the model and the training data using standard gradient-descent methods (Snyman, 2005) , whereby the optimal model parameters were found by iteratively going in the direction of the steepest slope of the performance function starting from initial values. For exponential models, linear regression between log(Rs + 0.1) and the independent variables was used to estimate the initial parameter values. For all other models, initial parameter values were determined by trial and error and held constant for all trials. For each model, training terminated when either the coeffi cients or the curve fi t error changed by <0.01% between iterations. No model required more than 10,000 iterations to meet one of the stopping criteria.
Evaluating Performance of Models Based on Temperature and Moisture
The models for estimating Rs as a function of soil temperature and moisture conditions were evaluated with several criteria to measure goodness-of-fi t (Table 2) . A range of measures was used that evaluated the direction of error (bias), the absolute error (mean absolute error [MAE] and RMSE), the relative error based on co-linearity (r 2 ), and the relative error based on the ratio of error to variance (index of agreement [IoA] ). The Akaike information criterion (AIC) is a biascorrected log-likelihood that accounts for infl ation of the explained variance for larger models by adding a penalty for additional parameters (Burnham and Anderson, 2002) . The corrected AIC for small sample sizes in relation to the number of parameters was not used be- 
is the sample size; k is the number of parameters; Oi is the observed Rs; Pi is the predicted Rs; O is the mean of the observed Rs; and P is the mean of the predicted Rs.
cause the ratio of the number of observations in the testing or training sets (579) to the maximum number of parameters in the models (11) was greater (i.e., 52.6) than the recommended cutoff of 40 (Burnham and Anderson, 2002) . Differences in the goodness-of-fi t measures between models were examined using one-way ANOVA on ranks with Dunn's post hoc pairwise comparison test (r 2 , RMSE, MAE, IoA, and AIC) or t-test (bias) using SigmaStat 2.03 (SPSS, 1997).
Evaluating the Effect on Model Performance of Adding Carbon Quantity and Substrate Quality
The model that produced the best estimates of Rs as a function of soil temperature and moisture conditions was selected to evaluate the effect of adding C quantity and substrate quality parameters as linear offset terms on model performance. One model included physical drivers plus C pools and another model included physical drivers plus C pools and substrate quality (C/N ratio). These new models were fi tted using the repeated trials approach and evaluated with the same criteria described above. In addition, Akaike weights (w i ) were calculated to compare the AIC among the entire set of models:
where i is the difference between the model AIC and minimum AIC, and r is the difference between the model AIC and minimum AIC summed for the set of R models.
RESULTS
Patterns in Soil Respiration, Physical Drivers, and Carbon Pools
Median Rs varied signifi cantly with time (P < 0.001), ranging from lows during snowmelt (0.74 μmol CO 2 m −2 s −1 ) and pre-snowfall (0.99 μmol CO 2 m −2 s −1 ) to highs in late summer (4.08 μmol CO 2 m −2 s −1 ) (Fig. 2) . This temporal pattern was consistent across the topographic features, but the magnitude varied among topographic features (P < 0.001, Fig. 3 ), ranging from lows in wetland features (0.82 μmol CO 2 m −2 s −1 at the center of the wetland and 1.30 μmol CO 2 m −2 s −1 at the periphery of the wetland), to moderate in upland features (1.55 μmol CO 2 m −2 s −1 on the crest and 2.35 μmol CO 2 m −2 s −1 on the backslope), to highest in critical transition zone features (3.07 μmol CO 2 m −2 s −1 on the footslope and 2.98 μmol CO 2 m −2 s −1 on the toeslope).
Temperature (T, °C) and moisture (M, % v/v) conditions changed signifi cantly (P < 0.001 for both T and M) during the snow-free period ( Fig. 4A and  4B ). The temporal trends in soil temperature and soil moisture were relatively consistent among topographic features. Median soil temperatures across all topographic features were coolest during snowmelt (3.1°C), peaked in the summer (14.8°C), and then cooled through late autumn (4.7°C). Median soil moisture across all topographic features was wettest during spring snowmelt (51.8%), dried to the lowest levels during summer (14.5%), and then rewetted in late autumn (34.0%). Physical conditions were heterogeneous among the topographic features (P < 0.001 for both T and M). Median soil temperature showed a gradual decrease from the crest (12.3°C) and backslope (11.9°C) in the upland, to the footslope (11.1°C) and toeslope (11.3°C) in the critical transition zone, followed by a gradual increase from the critical transition zone to the periphery of the wetland (11.6°C) and the center of the wetland (12.1°C). In contrast, there were more dramatic differences in median soil moisture among topographic features. The crest (22.3%) and backslope (22.6%) in the upland were drier than the footslope (30.0%) and toeslope (39.7%) of the critical transition zone, which were drier than the periphery (66.1%) and center (69.4%) of the wetland.
Carbon quantity differed between horizons, with the mean C pool increasing from the FFL (141 g m −2 ), to the LFH (997 g m −2 ), to the A horizon of the mineral soil (2800 g m −2 ). Whereas the canopy leaf area was relatively homogeneous over the catchment, there was signifi cant heterogeneity in C quantity within soil pools (Fig. 5A) . For example, the FFL had signifi cantly larger pools of C on most upland features, including the crest (mean of 147 g m −2 ), footslope (197 g m −2 ), and toeslope (163 g m −2 ), with the notable exception of the backslope (123 g m −2 ), and smaller pools of C on wetland features (mean of 122 g m −2 for the periphery of the wetland and 127 g m −2 for the center of the wetland) (P < 0.001). Conversely, the LFH had signifi cantly smaller pools of C on upland and critical transition zone features (median range 1260-1360 g m −2 ) and larger pools of C on wetland features (median range 2850-3250 g m −2 ; P < 0.001). Furthermore, the top 5 cm of the A horizon or peat had signifi cantly larger pools of C on the crest (3350 g m −2 ) and the smallest pools of C at the center of the wetland (1930 g m −2 ) (P < 0.001). The C pools within the backslope, toeslope, footslope, and outer wetland were not signifi cantly different from either of these extreme values.
Substrate quality (C/N ratio) also differed among horizons, with mean C/N ratios decreasing from FFL (45), to LFH (20) , to the A horizon of the mineral soil (17). There was signifi cant spatial heterogeneity in the FFL and LFH but not in the A horizon of the mineral soil (Fig. 5B) . The substrate quality of the FFL increased signifi cantly (i.e., lower C/N; P < 0.001) moving down the hillslope transect. The mean C/N ratio of the FFL was highest on the crest (C/N = 52), moderate on the backslope, footslope, and toeslope (ranging 44-47), and lowest on the wetland (37 for both periphery and center). Similarly, the substrate quality of the LFH decreased signifi cantly (P < 0.001), with higher mean C/N ratios in the upland features (ranging 20-21) compared with wetland features (18 for the periphery and 17 for the center of the wetland). There was no signifi cant difference in the mean C/N ratio of the A horizon of the mineral soil or the top 5 cm of the peat (range 16-17, P = 0.963). 
Model Performance Model Training vs. Testing
Each model was developed on a training data set and tested on an independent data set to assess the ability of the models to generalize to novel data. The t-tests of RMSE between the training and test sets for each model revealed no significant differences (P > 0.05; Fig. 6 ) except for TMC2 (P < 0.05). All models except TMC2 generalized to novel data, indicating appropriate training of the models. The TMC2 model was overtrained because it had too many model parameters for the limited amount of data available for training; therefore, the test results are probably stronger than indicated given the amount of data.
Model Comparisons
Model performance varied substantially. The explanation of variance ranged from 8 to 71% (Table 3 ). In general, the poorest performance was from models that only included soil temperature (e.g., range of r 2 from 0.48 [T5] to 0.49 [T4]). There was an improvement in model performance when soil moisture was added (e.g., range of r 2 from 0.51 [TM4] to 0.58 [TM7]), but how the moisture term was included in the model had an effect on model performance. The TM1 model performed the worst of all the models (r 2 = 0.08). Models that included a linear response to moisture within the exponent (i.e., TM4 and TM5) or superimposed Gompertz functions (TM3) performed better (e.g., range of r 2 0.51-0.55), but not as well as the models that included a lognormal (TM2) or quadratic function (TM6 and TM7) (e.g., range of r 2 0.57-0.58).
Of the top-performing physical models (TM2, TM6, and TM7), TM2 and TM6 performed well among the different goodness-of-fi t measures, with TM6 performing marginally better because it had a lower mean absolute error and lower bias (Table 3) . Both TM2 and TM6 adequately explained physical controls on Rs, but TM6 was determined to be the best since it summarized the physical processes in a sensible way (i.e., exponential response to soil temperature and unimodal response to soil moisture) with a simpler formulation. The TM7 model, which is a more complicated model than TM6 and includes an interaction term between temperature and moisture and a quadratic temperature (T 2 ) term, did not perform signifi cantly better than TM6.
There is little variance in average snow-free Rs explained if C quantity (1-23%, Fig. 7A ) or substrate quality (2-17%, Fig.  7B ) are used on their own. Soil respiration responded positively to C quantity and substrate quality, with the exception of C in the LFH, which showed a decreasing trend. With the exception of C in the FFL, however, these trends are not signifi cant.
When C quantity was added to TM6, the explanation of variance increased from 57% (TM6) to 62% (TMC1), but this increase was not statistically signifi cant (Table 3) . When both C quantity and substrate quality were added to TM6, however, the explanation of variance increased from 57% (TM6) to 71% (TMC2), and this increase was statistically signifi cant (P < 0.05, Table 3 ). The Akaike weights indicate strong support for this model. The magnitude of the AIC is driven by the log-likelihood term in the function due to the large sample size, thus the number of parameters has little effect. 
DISCUSSION
Model Comparisons
The importance of soil temperature, through its control on enzyme kinetics, has often been a starting point in modeling Rs (Kirschbaum, 2006) . A large portion of the variance in Rs in this study was explained by soil temperature (48-49%). Simple exponential functions were suffi cient to explain the relationship, suggesting constant temperature sensitivity of enzymes (i.e., one that doesn't vary with temperature) . Adding a parameter to model the saturation of enzyme activity at high temperature (sigmoidal curve, Model T5) did not improve the model. Soil temperatures were consistently <30°C (median of 14.8°C [Webster et al., 2008] ), which is the temperature at which enzyme activity decreases ; therefore, it is not surprising that a parameter to model the saturation of enzyme activity at high temperature was not needed.
Model performance increased when soil moisture was added as an explanatory variable, but only if the moisture was modeled as a unimodal response. The linear moisture model (TM1) developed by Epron et al. (1999) to explain Rs under dry to mesic conditions was not suitable for explaining the variation in Rs across the wider moisture gradient observed in this study, with a median volumetric water content of 15% during late summer to 52% during snowmelt across all features (Webster et al., 2008) . The quadratic model (TM6) was suffi cient for describing the unimodal response of Rs to soil moisture, as was the lognormal model (TM2), but the more complicated formulation created from superimposed Gompertz functions (TM3) did not significantly improve the variance explained in Rs. The Gompertz functions resulted in a steep response of Rs to optimal moisture conditions and a wider range in optimal moisture conditions. Janssens et al. (2000) found this response suitable for a mixed species forest in Belgium, but it did not generalize well to other ecosystems. This suggests that the form of the moisture response curve may be very specifi c to the community of microbes present in the soil and their sensitivity or ability to respond to changing soil moisture conditions. The best statistical model of Rs using physical predictors was determined to be a simple exponential model, where the exponent is a polynomial expression that is linear with respect to soil temperature and quadratic with respect to soil moisture. Formulations with more complicated soil moisture terms and interaction terms between soil temperature and soil moisture were not necessary for explaining the variation in Rs in this ecosystem. We used this model as a basis to examine how the addition of C quantity and substrate quality would affect the prediction of Rs.
The prediction of Rs was further improved when the soil chemical properties (e.g., C content and C/N ratio of substrate pools with different ages) were added to the physical controls. Inclusion of C and C/N is routinely incorporated into process-based models by including multiple pools of decomposition that vary in composition and degradability (e.g., Century [Parton et al., 1987] and RothC [Jenkinson, 1990] ), but these factors rarely appear in statistical models. Studies that have included C quantity and substrate quality use these characteristics to explain differences in Rs between sites with different biophysical characteristics (e.g., vegetation). For example, Reichstein et al. (2003) found that leaf area index correlated signifi cantly with Rs across a range of sites in Europe and North America, and Martin and Bolstad (2005) found that many soil chemical characteristics were important in explaining variation in Rs among broadleaf forests of northern Wisconsin. We determined in this study that the inclusion of C quantity and substrate quality in models is also important in explaining differences in Rs within a single forest type. These within-site differences are important for predicting Rs on landscapes where topographic relief creates long gradients in soil chemical properties.
The best statistical model of Rs included physical properties (soil temperature and moisture), C quantity, and substrate quality. The importance of C and C/N in explaining variability in Rs raises the question of whether or not there are other soil chemical properties that may be important in explaining additional variance in Rs. Other measures of substrate quality, such as the proportion of recalcitrant C (Almendros et al., 2000; Berg, 2000) , could be considered. Additionally, if relatively stable properties of the soil C pool infl uence Rs, then dynamic properties of the dissolved fraction of the C pool in the soil may also infl uence Rs and therefore the quantity and quality of dissolved organic C should be considered. Furthermore, the sorption capacity of soils for C will infl uence the C pool available for transformation to Rs (e.g., Guggenberger and Kaiser, 2003) and therefore the potential for sorptive capacity to regulate Rs needs further consideration.
Efforts were made in this study to exclude root respiration of small herbaceous plants by removing them from the collars, but deeper roots that were not severed by the installation of the collars may have contributed to the measured fl ux. Thus, Rs controls are partially confounded by factors that control autotrophic respiration (e.g., fi ne root density, distribution, and phenology), which comprise approximately 50 to 60% of the total Rs (Pregitzer et al., 1998) . These factors may also co-vary with factors related to heterotrophic variation (e.g., substrate quality). Further work is required to explicitly differentiate the contributions and controls of the autotrophic and heterotrophic components of Rs.
Goodness-of-Fit Measures
A range of goodness-of-fi t measures were used to evaluate the models from the repeated trials experiment. The different measures of goodness-of-fi t were consistent in their rankings of the models. While each of the goodness-of-fi t measures was easy to calculate, each did not contribute unique information that warranted their inclusion in evaluating model performance. It is common practice to use relative error measures, such as the r 2 , that scale between 0 and 1; however, a measure of the direction of that error (bias) to identify systematic errors and a measure of the absolute error (e.g., RMSE) for comparing the magnitude of error should be routinely reported to allow comparisons among studies and systems. In the analysis presented here, the AIC values and weights of evidence confi rmed the patterns of the other measures but did not provide unique information on model performance because the large sample size was created by taking many measurements at the 18 plots. There is value, however, in retaining this metric as a goodness-of-fi t measure for studies where sample size is limited and the penalty for number of parameters is an important consideration. The other goodness-of-fi t measures, including mean absolute error and index of agreement, did not provide additional information and could be excluded from model evaluations.
Generalized Controls on Soil Respiration
The fi ndings from this study raise important issues of generalizing statistical models to different ecosystems. There is a trade-off in model development between parsimony (with the goal of including the fewest possible terms) and fl exibility (with the goal of including suffi cient terms to capture the responses in different ecosystems). For example, in systems where there are greater ranges in soil temperature (e.g., due to openings in the forest canopy) or greater ranges in soil moisture (e.g., in areas of high topographic relief), the inclusion of an interaction (temperature × moisture) term may be important for predicting Rs where these extreme conditions push the Rs response beyond what was observed in the sugar maple ecosystem. Furthermore, where there are gradients in species composition (i.e., conifer, deciduous, or mixed wood), additional parameters are required to refl ect species-specifi c changes in the quantity and quality of soil substrates. The same repeated measures approach with multiple evaluation criteria that we used in this study could be used for evaluating statistical models to identify generalized controls on Rs in different ecosystems and across ecosystems.
CONCLUSIONS
The performances of published statistical models for estimating Rs from soils in a sugar maple forest were compared. We found that a simple exponential model, where the exponent is a polynomial expression that is linear with respect to soil temperature and quadratic with respect to soil moisture, was the best physical model and explained 57% of the variance in Rs. Inclusion of terms that characterized C quantity and substrate quality within the freshly fallen litter, forest fl oor, and top layers of the peat or mineral soil as linear offsets within the exponential model increased the amount of variation explained (71%) and resulted in the best overall model. The exponential model with added terms for C quantity and substrate quality provided a simple yet sensible explanation of the controls on Rs within the catchment. While no particular model may be applicable to all forest systems, this type of systematic model analysis is useful for developing an understanding of controls on Rs within forested landscapes and generalizing the key controls across ecosystems.
